The human development indicator (HDI) is based on three indicators: standard of living, life expectancy, and education level. Although being widely known and commonly used, the accuracy of the HDI has been criticized in the literature due to the inadequacy of its indicators. The present study uses 11 indicators to classify countries and compares the results by country groups against similar HDI ranked country groups. Furthermore, using multinomial logistic regression analysis, the effects of the 11 indicators on the country categories of HDI are investigated. The findings show that although the main cluster characteristics are similar to HDI categories, some differences exist in the classification of countries. Health indicators have a striking effect on low HDI countries relative to high HDI countries. FDI inflows and CO2 emissions per capita are significant indicators for low and middle HDI relative to high HDI countries. However women's involvement in parliament and work are not distinctive or effective indicators.
INTRODUCTION
With respect to countries, the concept of development allows us to distinguish between rich and poor. It is related to "...shares of resources used to provide free health and education services, equitable distribution of income among social groups, effects of production and consumption on people's environment" (Soubbotina and Sheram, 2000) . Gross domestic product (GDP) is an overly simplistic measure of development and the results in an inaccurate representation of actual human processes (Barreiro, 2006) . However, for a long time, per capita income has been widely used as a means of making comparisons between the development indices of countries. If we look closer at countries with similar per capita GDP, it is possible to determine differences in the availability of clean air and water, conditions of education and health care systems, the unemployment ratio, the ratio of women's participation in parliament, and flows of foreign direct investment (FDI), among other factors. The objective of development is to create an enabling environment for people to enjoy long and creative lives (UNDP, 1990) .
Researchers and policymakers have long investigated economic, social, political, and environmental indicators with which to profile countries, identify development policies and to rank their state of development. Before the 1990s, economic growth was commonly used as an indicator of development. Over time, economic growth was incorporated into multidimensional measures, that included several aspects of well-being, going beyond per capita income and GDP growth. Sen (1992) introduced the capability approach, which initiated the design of the human development index (HDI). However, term HDI did not appear in the literature until the publication of Human Development Report (1990) , which at this point comprised a simple unweighted average of a nation's longevity, education, and income. Over time, modifications were made to the HDI. According to the Human Development Report published in 2014, the definition of HDI is a summary measure of achievements based on key dimensions of human development: a long and healthy life, access to knowledge, and a decent standard of living ( Figure 1) . Consequently, the HDI has become the geometric mean of normalized indices for each of these three dimensions. The 2014 Human Development Report classified countries into four groups. The first group corresponds to "very high human development" with HDI values of 0.800-1.000. HDI values of 0.7-0.799 refer to "high human development" whereas values of 0.550-0.699 refer to "medium human development". The last group "low human development" has an HDI values falling below 0.55.
Despite its widespread use, the HDI has fallen under some criticism in the development literature. Most of these criticisms have focused upon the few arbitrary indicators comprising the HDI's sub-dimensions. Considering the data collection problems that some countries encounter, Srinivasan (1994) argues that "the HDI is conceptually weak and empirically unsound". Ranis et al. (2006) investigated the effects of 39 indicators and concluded that the HDI represented an incomplete measure. Wolff et al. (2010) argued that classifications based on the HDI were not reliable due to the presence of errors in the data, particularly in the health and education statistics.
The aim of this study is to investigate the effects of 11 socio-economic and health indicators on the HDI of country categories by way of multinomial logistic regression analysis. Additionally, this study examines the classification of countries in consideration of these indicators and evaluates the main characteristics of these groups by cluster analysis. The representation of HDI sub-dimension indicators is assessed based on the findings of the cluster analysis. To the best of our knowledge, this is the first study that has examined the effects of various indicators on HDI country categories. The results can be used to better inform policymakers on the shortcomings of countries ranked using the HDI and thus serve as a guide for decision making.
The remainder of the paper is organized into four sections. Section 2 reviews the relevant literature. Section 3 explains the methodology used throughout this study. Section 4 presents the data and findings, and Section 5 provides a conclusion.
LITERATURE REVIEW
Since the development of the HDI by the United Nations Development Programme in its 1990 report, the measure has been integrated in a wide range of studies. HDI embodies Sen's "capabilities" approach to understanding human well-being. Capabilities are instrumentalized in HDI as access to health, education, and goods (Stanton, 2007) . However, as mentioned in the previous section, Ranis et al. (2006) investigated the effects of 31 indicators on human development and found HDI is an incomplete measure. In this section, we discuss several earlier studies with respect to the effects of socioeconomic, demographic, and environmental variables on human development. Lee et al. (1997) studied how HDI can be used to predict the infant and maternal mortality rate and reported HDI as a powerful predictor. Antony, Visweswarraro, and Balakrishna (1999) evaluated the representativeness of HDI for health and nutrition indicators of 174 countries. They found that dietary indicators are substantial for classification and that countries with high HDI have high rates of female education and lower rates of fertility and infant and maternal mortality. Self and Grabowski (2003) found that the contribution of health care expenditure as a percentage of GDP changes in developing and less developed countries. Ranis, Stewart and Somma (2005) found that under-five mortality rates are a good indicator of HDI. Similarly, Boutayeb and Serghihi (2006) showed that deficiencies of health (maternal and infant mortality rates) impede human development in the majority of Arab countries. Sharma (1997) and Fukuda-Parr (2001) considered human development from a gender perspective and the importance of women on development level. Sharma (1997) argued that HDI could be improved by using sexdisaggregated data to examine the contributions various socio-economic factors. Costa, Reybski, and Knopp (2011) found a positive relationship between per capita CO2 emissions for developing countries. Bedir and Yilmaz (2015) investigated the casual relationship between CO2 emissions and HDI for OECD countries and found a strong effect of CO2 on HDI in some of these countries. Sharma, and Gani (2004) examined the effect of foreign direct investment (FDI) on HDI for middle-and low-income countries and found a positive effect. Later, Reiter and Steensma (2010) also found that FDI inflows affect the improvement of human development. Saito (2003) emphasised the importance of education for human development. Njoh (2003) explored the relationship between urbanisation and the HDI, finding a positive correlation between the two for sub-Sahara Africa. Using discriminant analysis, Öztürk (2007) classified countries and predicted country categories through socioeconomic, education, and health indicators. He concluded that developed and undeveloped countries could be distinguished by their health indicators. The study also considered the proportion of seats in parliament, percentage of school enrolment and percentage of trade, concluding that these indicators could also be used to distinguish between developing and developed countries.
METHODOLOGIES
In this study, we employed cluster analysis to classify countries according to a range of socio-economic and health indicators. Multidimensional Scaling (MDS) was subsequently used to explore the links between the link between the indicators. In the final stage of analysis, we used multinomial logistic regression to examine the effects of the indicators on the HDI country categories.
Cluster Analysis
Cluster analysis comprises a range of methods used to identify homogeneous groups. As such, cluster analysis is used to ensure similarity within groups and, as much as possible, differences between groups. Three clustering techniques are defined in the literature: agglomerative hierarchical clustering, K-means, and density-based spatial clustering of applications with noise (DBSCAN). In our study, only hierarchical and K-means clustering were employed. In the K-means approach, the number of clusters is defined by researchers. At the beginning of the algorithm, K centroids are chosen and each observation is assigned to the closest centroid. The group of observations assigned to a cluster is called a cluster. With the assigned observations, the centroid of clusters is updated. The assignment procedure is repeated until the same centroids are obtained. The mentioned centroids are representative of each cluster's prototype. The objective functions and the centroids are outlined in Table 1 .
Two approaches to hierarchical clustering are defined in the literature, namely, agglomerative and divisive. Compared to the divisive approach, the agglomerative procedure has received more attention in applications (Tan, Steinbach, & Kumar, 2005) . The agglomerative approach begins with each observation as a singleton cluster and then, at each step, the two closest clusters are merged according to their proximities. The procedure
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The Journal of Operations Research, Statistics, Econometrics and Management Information Systems ISSN 2148-2225 httt://www.alphanumericjournal.com/ continues until one cluster remains. Contrary to the agglomerative approach, divisive clustering begins with one cluster, which includes all observations. At each step, clusters are split until only singleton clusters of individual observations remain. The proximities used in agglomeration are calculated using different approaches, namely, single linkage (nearest neighbor), complete linkage (furthest neighbor), average linkage, centroid, and Ward's method (Sarstedt & Mooi, 2014) . 
Multidimensional Scaling (MDS) Analysis
This technique determines the distances between objects and in order to provide a visual representation of objects in a low-dimensional space. Distances are referred to as proximities and proximity measures are described as dissimilarities, similarities, and correlations. Euclidean, Mahalanobis, quadratic Euclidean, Chebychev, Block, and Minkowski distances are defined in the literature. However, Euclidean distance has been preferred frequently in studies.
The Euclidean distance between the ith and jth points, dij is defined as
where p is the dimension of the observations.
The steps of the algorithm can be summarized as (Hintze, p. 
The goodness of fit measure provides the closeness between original distances and predicted distances and is known as stress. Stress values < 0.05 define perfect fit.
Multinomial Logistic Regression
A multinomial logistic model determines the effects of explanatory variables on a subject chosen from a discrete set of options (Agresti, 2002) . The result is a generalized binary model, the response variable having more than two categories. 
The maximum likelihood estimation approach was used to estimate parameters. Multinomial logistic regression is similar to discriminant analysis. Discriminant analysis employs a regression line to separate sample into groups whereas multinomial logistic regression analysis uses probabilities and u-1 log odds equations to determine categories. Assumptions about multivariate normality and homoscedasticity are required
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DATA AND FINDINGS
This study aimed to investigate the effects of selected socioeconomic and health indicators on HDI country classifications and country categories using data sourced from the 2013 United Nations Development Report. Data from 175 countries were considered as variables for the purposes of analysis, including: Maternal Mortality Rate (V1), Adolescent Birth Rate (V2), Women Share of Seats in Parliament (V3), Female Labor Force Participation Rate (V4), Deaths Due to Tuberculosis (V5), Increase in Rate of Physicians (V6), Public Health Expenditure (% of GDP) (V7), CO2 Emissions per Capita (V8), Exports and Imports (% of GDP) (V9), FDI Net Inflows (% of GDP) (V10), and Internet Use Rate (V11). Some potentially effective variables such as tertiary enrollment ratio, public expenditure on education (% of GDP), poverty headcount ratio at $3.10 per day, income share held by the highest 10%, income share held by the lowest 10%, and military expenditure (% of GDP) were excluded due to missing observations.
To consider standardized data, cluster analysis was employed. In the light of the findings from the dendogram from hierarchical clustering, we determined four clusters for K-means cluster analysis. It should be noted that the clusters containing countries are different from the four HDI categories (Appendix-I), particularly between the low and medium HDI groups. To determine the main characteristics of clusters, the mean scores displayed in Table 2 were used. As presented in Table 2 , countries included in Cluster 1 have very low levels of Internet use rate and increase in rate of physicians. However, maternal mortality rate, adolescent birth rate, and deaths due to tuberculosis are at the highest levels. CO2 emissions per capita and percentage of exports and imports are at highest levels for Cluster3. Cluster 4 has the highest level of Internet use rate. It should be noted that the countries in the obtained clusters are different from the four HDI categories. As can be seen in Table 1 in the Appendix, the countries in Cluster 1 mainly correspond to the countries in the low HDI category, and countries in Cluster 4 mostly overlap with countries in the very high HDI category. However, Middle East and North Africa (MENA) countries included in the very high HDI category are not included in Cluster 4; instead, these countries constitute Cluster 3. Most of the countries in the high HDI category and some in the medium HDI country (e.g. South Africa, The Philippines, Indonesia, and India) are in Cluster 2. Although the main characteristics of these clusters are similar to the relevant HDI country categories, the same countries were not obtained with cluster analysis using the 11 indicators.
To provide insights about the effectiveness of indicators used to determine the classification of countries, MDS was employed. The visual representation considering the 11 indicators is presented in Figure 2 . A stress value of 0.08 was obtained, which is an evidence of a "good" fit between the original distances and predicted distances on a two-dimensional plot. As can be seen from the positions of indicators, maternal mortality rate (V1) and exports and imports as percentage GDP (V9) are unrelated whereas variables V5, V6, V7, V8, and V10 have similar effects. (Akinci et al., 2007) . To determine the difference between the model without independent variables and the model with independent variables, a likelihood ratio Chi-Square test was performed and revealed that at least one of the regression coefficients in the model is not equal to zero (p=0.000). McFadden's pseudo R square for the model was 0.814. Since multinomial logistic model estimated k-1 ‡ equations, three equations are displayed in Table 3 with the high HDI country group chosen as the base outcome. The first part of Table 3 displays indicators associated with very high scoring HDI countries. The rate of Internet use and percentage of exports and imports of GDP had significant effects for very high HDI countries relative to high HDI countries. With a one-unit increase in the indicator of percentage of exports and imports, the multinomial log odds for a country having a very high HDI relative to high HDI is expected to decrease 0.016 units while all the variables in the model remain constant. Considering the RRR statistic, § it can be interpreted that with a one-unit increase of the percentage of exports and imports variable, the relative risk of being in very high HDI country group is expected to decrease by a factor of 0.98 when the other variables are held constant. For the rate of Internet use variable, a one-unit increase is expected to increase the multinomial log odds by 1.38 units for the very high HDI category relative to the high HDI group, which means that with an increase of one unit in the rate of Internet use, the relative risk of being a very high HDI country is 1.38 times more likely. The second (middle) part of Table 3 corresponds to indicators associated with countries with medium HDI scores. Deaths due to tuberculosis, increase in rate of physicians, CO2 emissions per capita, FDI net inflows as percentage of GDP, and Internet use rate were found to be significant variables that have effects on medium HDI countries relative to high HDI countries. With a one-unit † Multivariate normality was examined with the Hz test and Royston test. For the homogeneity of covariances, Box-M tests were used.
‡ k is the number of levels of the dependent variable. § RRR refers to the relative risk ratio, which is calculated by exponentiating the multinomial logit coefficients. increase of deaths due to tuberculosis, the multinomial log odds for medium HDI countries relative to high HDI countries is expected to increase 0.22 while the other variables in the model remain constant. Similarly, with a one-unit increase in increase in rate of physicians, the multinomial logs odds for medium HDI countries relative to high HDI countries is expected to increase by 0.16 units.
However, with separate one-unit increases of CO2 emissions per capita, FDI net inflows as percentage of GDP, and Internet use rate, the relative risk of being in the medium HDI group relative to the high HDI group is expected to decrease by factors of 0.51, 0.76, and 0.89, respectively. The last part of Table 3 refers to the indicators associated with countries with low HDI scores. The significant variables and their effects on the model for medium HDI countries relative to high HDI countries are similar for the model with low HDI countries relative to high HDI countries. However, there is another significant indicator, namely, maternal mortality rate. A one-unit increase in the maternal mortality rate increases the relative risk of being in the low HDI group by a factor of 1.05.
Therefore, on the basis of the 11 socio-economic and health indicators, countries were classified into four groups. According to cluster means (Table 2) 
CONCLUSIONS
The HDI index has become one of the most widely used methods of ranking the development of countries according standards of living, life expectancy and literacy levels. Notwithstanding, the accuracy of the HDI has come under increased criticism in the literature due to a lack of representativeness and gaps in the data (Srinivasan, 1994; Ranis et al., 2006; Wolf et al., 2010) .
The present study considers 11 socioeconomic and health developmental indicators for 175 countries, classifying them and assessing the effects of these indicators on the HDI country categories. We deduced four country clusters using cluster analysis, and used these country clusters as the basis of our HDI country categories. Comparison were made between the countries in the HDI categories and those in the clusters to reveal a number of startling differences. However, in evaluating the means scores for the clusters, we also revealed a number of commonalities with HDI categories. For instance, the rate of Internet use, exports and imports as percentage of GDP and CO2 emissions per capita distinguish developed and undeveloped countries, with these indicators having higher mean scores for high and very high HDI countries. On the other hand, cluster mean scores for maternal mortality rate, deaths due to tuberculosis and increase in rate of physicians were greater for undeveloped countries, which were largely consistent with the low HDI countries. Notwithstanding, MDS analysis revealed that the maternal mortality rate was distinct from other indicators, as indicated by its position on the perceptual map.
Multinomial analysis was used to investigate the effect of the indicators on the HDI country categories; the findings alluding to similar interpretations as what were found with cluster analysis. Maternal mortality rate and deaths due to tuberculosis were the distinguishing features of low HDI countries relative to high HDI countries. Regarding the indicators of FDI inflow and CO2 emissions per capita, these are more distinctive for medium and low HDI countries relative to high HDI countries. Specifically, if one of these indicators increases by just one unit, a country is much more likely to be in the high HDI category relative to the medium and low HDI categories. For classification in the very high HDI category relative to the high HDI category, exports and imports as a percentage of GDP is prominent. Specifically, a one unit increase in this indicator means that a country is much more likely to be in the high HDI group.
Additionally, the findings of this study reveal shortcomings in the classification of low income countries based on health issues and women's involvement in parliament and work. These turned out not to be particularly effective indicators for very high, medium, and low HDI countries relative to high HDI countries.
